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الملخص
الأهداف :تهدف هذه الدراسة إلى تطوير وتقييم إطار تكيفي ذكي للتفاعل بين الإنسان والحاسوب في تطبيقات ويندوز من والتعلّم التعزيزي . ،(BiLSTM) والشبكات طويلة قصيرة المدى ثنائية الاتجاه ،(CNN) خلال دمج الشبكات العصبية الالتفافية Microsoft مكان الدراسة :تركز الدراسة على بيئات رقمية مستخدمة في المملكة العربية السعودية، مع تطبيقات مرجعية تشمل في السياق الجامعي .المنهجية :اعتمدت الدراسة  Ultra Blackboard باللغة العربية، ومنصتي أبشر وتم، ونظام Excel منهجً ا تجريبيًا كميًا قائمًا على دمج بيانات من مجموعات بيانات عامة لواجهات المستخدم وسجلات تفاعل محاكاة، ثم إجراء معالجة مسبقة للبيانات، واستخراج خصائص بصرية وتسلسلية، وتوظيف وكيل تعلّم تعزيزي لتكييف عناصر الواجهة بصورة ديناميكية .كما جرى تقييم النموذج باستخدام مؤشرات تعلم الآلة ومقاييس قابلية الاستخدام وعبء العمل، بالإضافة إلى دراسة مستخدمين وتحليل إحصائي للنتائج .النتائج :أظهرت النتائج أن الإطار المقترح حقق أداءً متقدمًا مقارنة بالواجهات الثابتة والبدائل الأخرى، حيث بلغ الأداء الكلي 91.2 %من حيث الدقة، مع خفض زمن إنجاز المهام بنسبة %23.8، وتقليل معدل الأخطاء بنسبة %37.1، وتحسين رضا المستخدمين بنسبة %40.3، إلى جانب ارتفاع ملحوظ في رضا المستخدمين عن الدعم العربي والتكيّف الثقافي .التوصيات :توصي الدراسة بتبنّي واجهات تكيفية ذكية في الأنظمة الحكومية والتعليمية والإنتاجية، مع التوسع في الاختبارات الميدانية الواقعية، وتعزيز الشفافية، ومراعاة الخصوصية والسياق الثقافي للمستخدمين .العرب
الكلمات المفتاحية :التفاعل بين الإنسان والحاسوب، الواجهات التكيفية، التعلّم التعزيزي، الشبكات العصبية الالتفافية، الشبكات .طويلة قصيرة المدى، اللغة العربية، قابلية الاستخدام
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Abstract
Objectives: This study aims to develop and evaluate an intelligent adaptive human-computer interaction framework for Windows-based applications by integrating Convolutional Neural Networks (CNN), bidirectional Long Short-Term Memory (BiLSTM), and reinforcement learning. Study Location: The study is situated in Saudi-relevant digital environments, with representative applications including Arabic Microsoft Excel, Absher, Tamm, and Blackboard Ultra in a university context. Methodology: A quantitative experimental design was adopted by combining public GUI datasets with simulated interaction logs, followed by data preprocessing, multimodal feature extraction, and reinforcement learning-based interface adaptation. The framework was evaluated through machine learning metrics, usability measures, workload assessment, user studies, and statistical analysis. Results: The findings indicate that the proposed framework outperformed static and alternative adaptive baselines, achieving 91.2% overall accuracy, reducing task completion time by 23.8%, lowering error rates by 37.1%, and improving user satisfaction by 40.3%. Recommendations: The study recommends the gradual adoption of adaptive AI-driven interfaces in government, education, and productivity systems, while emphasizing real-world deployment, explainability, privacy protection, and continued validation in Arabic-speaking environments.
Keywords: Human-Computer Interaction, Adaptive Interfaces, Reinforcement Learning, CNN, BiLSTM, Arabic Language, Usability.
Introduction
Human-Computer Interaction (HCI) has evolved from static interface design toward intelligent systems capable of perceiving user behavior, predicting future actions, and adapting interface elements in real time. Despite this shift, many Windows-based applications still rely on fixed interaction structures that do not sufficiently respond to user preferences, task sequences, or contextual requirements. This limitation is especially significant in Arabic-speaking environments, where linguistic variation, right-to-left interaction, and culturally specific user expectations may increase cognitive load and reduce overall usability.
Recent advances in artificial intelligence have introduced several techniques that can support adaptive interfaces. CNN-based models enable robust recognition of graphical interface components, recurrent sequence models such as LSTM support prediction of user actions over time, and reinforcement learning offers a mechanism for learning optimal interface adaptations from continuous feedback. Prior work in adaptive and intelligent user interfaces has demonstrated measurable benefits in efficiency, engagement, and personalization; however, much of this work has focused on web and mobile environments rather than Windows desktop applications (Brdnik et al., 2022; Findlater & Gajos, 2009; Wang et al., 2024).

In order to enhance usability, accessibility, security, and user satisfaction, governments and enterprises throughout the world have been adopting AI-enhanced HCI systems. Vision 2030 in Saudi Arabia has spurred a rapid digital transformation within ministries, banks, educational facilities, and platforms of governmental services (Alhussein, 2021; and Consultancy-ME, 2024). This has led to a number of popular windows based applications including Microsoft Excel (Arabic interface), Absher e-Government desktop portal, Tamm Vehicle e-Services system and Blackboard Ultra (institutional desktop version) becoming key applications of millions of users.

The study contributes both theoretically and practically. Theoretically, it extends research on adaptive interfaces by combining visual recognition, sequential behavior modeling, and adaptive
Page 3


decision-making in one integrated architecture. Practically, it explores how culturally aware intelligent adaptation may improve efficiency, reduce error rates, and enhance satisfaction in Arabic-language digital environments, thereby aligning with broader digital transformation goals in Saudi Arabia.
Research Problem
Although widely used digital systems such as Excel Arabic, Absher, Tamm, and Blackboard Ultra provide essential services, they generally operate through static interface structures that offer limited responsiveness to user behavior and context. As a result, users may experience longer task completion times, higher error rates, greater cognitive effort, and lower satisfaction, especially when interacting with multi-step processes, Arabic textual elements, and right-to-left interface layouts.
The central research problem is therefore the absence of an integrated, culturally aware, adaptive HCI framework for Windows-based applications that can recognize interface elements, model sequential user behavior, and dynamically optimize interaction pathways for Arabic-speaking users. The study investigates whether combining CNN, BiLSTM, and reinforcement learning can address this gap more effectively than static, rule-based, or standalone machine learning approaches.
Importance of the Study
The scientific importance of this study lies in its attempt to bridge several strands of research that are often treated separately: visual GUI understanding, sequential interaction prediction, and adaptive decision-making. By integrating these components into a single HCI framework, the study contributes to the development of more intelligent and context-sensitive interfaces. It also extends adaptive HCI research into Windows desktop environments, an area that remains less explored than mobile and web-based interaction.
The practical importance of the study is equally significant. Government, educational, and productivity platforms play a central role in everyday digital life, and improvements in their usability can directly affect efficiency, accessibility, and user trust. In the Saudi and Arabic context, adaptive systems that recognize language, workflow structure, and cultural expectations may reduce barriers for users with different levels of digital literacy and support broader digital transformation objectives. The study is therefore relevant not only to researchers in AI and HCI, but also to system designers, public service providers, educational institutions, and policymakers.
Study Objectives
This study aims to design and evaluate an adaptive human-computer interaction framework for Windows-based applications by integrating CNN, BiLSTM, and reinforcement learning. More specifically, it seeks to recognize GUI components accurately, predict user interaction sequences reliably, and adapt interface elements dynamically in response to behavioral and contextual signals.
The study also aims to measure the effectiveness of the proposed framework across a set of Saudi-relevant applications by examining machine learning performance, task efficiency, error reduction, usability, workload, and user satisfaction. A further objective is to assess the extent to which culturally aware adaptation, particularly Arabic language support and local interaction patterns, contributes to improved digital experiences for users in the Saudi context.
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Theoretical Literature of the Study
Adaptive HCI research builds on the principle that user interfaces should not remain fixed when the system can learn from interaction patterns, environmental context, and task history. In this view, intelligent interfaces move beyond static presentation and become active participants in supporting user goals. The theoretical foundation of the present study therefore draws on adaptive user interface theory, intelligent user interface design, sequence learning, visual representation learning, and reinforcement learning-based decision optimization.
From a deep learning perspective, CNN models are suitable for identifying interface objects and extracting discriminative visual features from GUI screenshots, while LSTM-based architectures are well suited to modeling temporal user behavior and predicting next-step interactions. Reinforcement learning complements these models by enabling an adaptive policy that can improve over time through reward-based feedback, thereby learning which interface adaptations are most beneficial under specific contextual conditions. Together, these approaches support a multimodal conception of HCI in which perception, prediction, and action are tightly connected.
In the Arabic and Saudi context, adaptive HCI also requires cultural and linguistic sensitivity. Interface adaptation is not only a technical matter of performance optimization; it is also a matter of usability, trust, and appropriateness. Systems that account for Arabic text handling, right-to- left interaction, and local workflow expectations are more likely to reduce cognitive load and increase adoption. Accordingly, the present study treats cultural adaptation as a core dimension of intelligent interaction rather than an optional interface feature.
Review of Previous Studies
Previous studies have shown that AI-driven interfaces can improve usability, engagement, and contextual adaptation across various domains. The reviewed literature indicates growing interest in adaptive and intelligent user interfaces, explainable AI in HCI, and the use of machine learning to support interaction prediction and personalization. Several studies also confirm that adaptive menus, predictive systems, and human-centered AI methods can reduce task time and improve satisfaction.
A related line of work by Aly, Eskaf, and Aly (2015) showed that activity recognition using smart devices can model human behavior from temporal sensor data, which supports the broader feasibility of sequence-aware intelligent systems for interaction analysis and prediction. Although that work focused on sensor-based human activity recognition rather than adaptive desktop GUIs, it remains relevant to the present study because it demonstrates the value of temporal behavior modeling as a foundation for intelligent adaptation.
A closer review reveals several important gaps. First, many studies address web and mobile applications rather than Windows-based desktop systems. Second, relatively few works examine Arabic-language interfaces or culturally grounded interaction patterns in Saudi digital environments. Third, many prior studies investigate either visual recognition, sequence modeling, or adaptation in isolation, whereas comparatively few combine these capabilities in a unified architecture. Finally, many papers emphasize technical performance but do not sufficiently combine it with usability, workload, and satisfaction outcomes.
The present study differs from prior work by proposing a culturally aware adaptive HCI framework that integrates GUI understanding through CNN, behavior prediction through BiLSTM, and dynamic adaptation through reinforcement learning. It also evaluates the
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framework across four different application domains and combines technical, usability, and statistical assessments. In this sense, the study addresses a meaningful research gap and offers a more comprehensive evaluation structure than much of the prior literature.
Methodology
This study adopted a quantitative experimental methodology to develop and evaluate an Adaptive HCI Framework (AHF) for Windows-based applications. The methodology consisted of data collection, preprocessing, multimodal feature extraction, adaptive policy learning, interface adaptation, and evaluation. To ensure internal consistency, the framework was defined using a CNN component for GUI recognition, a bidirectional LSTM component for sequential interaction prediction, and a Double DQN-based reinforcement learning agent with prioritized experience replay for adaptive decision-making.

The study relied on multiple data sources, including publicly available GUI and interaction datasets such as RICO, Open-UI, Microsoft GUI datasets, and GazeHCI, along with simulated interaction logs representing the target applications. These data were used to construct multimodal representations of user behavior and interface structure. Interaction logs were converted into sequential formats to support temporal modeling, while GUI screenshots were standardized and processed as image inputs for the CNN component. The resulting system state representations were then utilized by the reinforcement learning agent to determine effective interface adaptations.

For the visual stream, a fine-tuned ResNet-50 backbone was used to detect and classify GUI elements. For the sequential stream, a bidirectional LSTM model was used to capture temporal dependencies in user actions and to predict likely next interactions. The adaptation layer was implemented through a Double DQN-based agent that learned to optimize interface behavior through trial, feedback, and reward accumulation. The adaptive outputs included menu reordering, shortcut suggestion, element highlighting, and guided support for complex workflows. Explainability was incorporated conceptually through SHAP and LIME to support transparency and interpretability in the decision process.
Evaluation combined machine learning metrics and HCI-oriented measures. The technical evaluation included accuracy, precision, recall, F1-score, and related model-specific indicators. The usability evaluation included task completion time, error rate, System Usability Scale (SUS), and NASA-TLX workload assessment. In addition, a user study involving 120 participants was used to examine demographic diversity, satisfaction, and cultural adaptation, followed by statistical analysis using paired t-tests, chi-square testing, correlation analysis, and multiple regression.
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Table 1. Representative previous studies and identified research gap

	Study
	Methodology
	Dataset
	Key Findings
	Limitation

	Brdnik et al. (2022)
	Systematic mapping study
	Review of intelligent UI studies
	Identified major AI techniques in IUIs and trends in context-aware interaction
	Not specific to Windows or Saudi context

	
Findlater & Gajos (2009)
	
Design research and evaluation framework
	
Not specified
	
Provided key methods for designing and evaluating adaptive GUIs
	Older framework; limited reflection of recent AI advances

	Wang et al. (2024)
	Systematic literature review
	Adaptive interface studies in healthcare
	Reported measurable improvements in task performance and user satisfaction
	Domain-specific focus

	Al-Fraihat et al. (2020)
	Survey research and usability evaluation
	E-learning user data
	Identified usability issues in Arabic e-learning environments
	Did not include AI adaptation

	Alhassan & Altamimi (2023)
	Usability testing and heuristic evaluation
	Arabic Excel users
	Reported navigation and toolbar challenges in Arabic Excel
	No AI-driven solution proposed

	
Chen et al. (2020)
	
Experimental CNN modeling
	
UI screenshot datasets
	
Achieved high accuracy in GUI element detection
	Not tailored for Arabic or complex desktop GUIs

	
Sun et al. (2024)
	
Systematic review
	Reinforcement learning in adaptive UIs
	Summarized RL applications in adaptive interface adaptation
	Review only; no original implementation

	Raees et al. (2024)
	Literature review on interactive AI
	
Not applicable
	Highlighted a shift from explainability toward interactivity and collaboration
	No empirical deployment

	Nguyen et al. (2024)
	Systematic survey of explainable AI interfaces
	
53 publications
	Documented design and evaluation patterns for human-centered explainable AI interfaces
	No new datasets or models

	

Present study
	
Integrated experimental framework
	Public GUI datasets + simulated Saudi- relevant interaction logs
	Combines CNN, BiLSTM, and reinforcement learning with cultural adaptation and multi-metric evaluation
	Requires further real-world deployment validation
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Figure 1. The proposed methodology for the adaptive HCI framework.

Results
BiLSTM Sequence Prediction Performance
As shown in Table 2, the BiLSTM model demonstrated strong performance in predicting user interaction sequences across the evaluated Saudi applications, achieving high accuracy and consistent generalization. It reached 93.7% training accuracy, 91.8% validation accuracy, and 92.1% test accuracy, with cross-validation confirming stability. Precision, recall, and F1-scores all remained above 90%, indicating a well-balanced model capable of making reliable predictions while minimizing both false positives and missed interactions.
Training dynamics further confirmed efficient learning, with rapid loss reduction in early epochs followed by stable convergence, as illustrated in Figure 2. Validation loss closely tracked training loss, reinforcing the model's robustness. Most inaccuracies occurred during task transitions and in sequences involving Arabic text input, highlighting opportunities for future enhancement in sequence representation and language-specific encoding.
Table 2. BiLSTM sequence prediction performance metrics

	Metric
	Training Set
	Validation Set
	Test Set
	Cross-Validation Mean

	Accuracy
	93.7%
	91.8%
	92.1%
	91.9% (±0.9%)

	Precision
	91.5%
	90.3%
	90.8%
	90.5% (±0.7%)

	Recall
	91.2%
	89.9%
	90.1%
	90.1% (±0.6%)

	F1-Score
	0.913
	0.901
	0.904
	0.902 (±0.006)

	Loss
	0.208
	0.245
	0.238
	0.241 (±0.015)
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Figure 2. BiLSTM training progress over 100 epochs.
CNN GUI Element Recognition Performance
The CNN model, based on a fine-tuned ResNet-50 architecture, achieved high performance in GUI element recognition across all component categories, with macro-averaged scores of 94.6% precision, 92.8% recall, and 0.937 F1-score. The model performed best on structured and visually consistent elements such as menus and buttons while also demonstrating strong capability in recognizing Arabic text elements.
Despite overall robustness, performance varied slightly across component types. Table cells achieved strong results but reflected structural complexity, while icons posed the greatest challenge because of visual variability and cultural specificity. The confusion matrix in Figure 3 confirms high classification accuracy with limited misclassification among similar elements.
Table 3. CNN GUI element recognition performance

	GUI Component
	Precision
	Recall
	F1-Score
	Support

	Button
	0.954
	0.932
	0.943
	4,250

	Text Input
	0.942
	0.921
	0.931
	3,850

	Menu
	0.969
	0.955
	0.962
	2,520

	Icon
	0.915
	0.898
	0.906
	3,150

	Table Cell
	0.941
	0.928
	0.934
	4,550

	Arabic Text
	0.958
	0.934
	0.946
	3,850

	Macro Average
	0.946
	0.928
	0.937
	22,170
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Figure 3. CNN confusion matrix for GUI element classification.
Reinforcement Learning Performance
The reinforcement learning agent, implemented using a Double DQN with prioritized experience replay, demonstrated steady learning progression and convergence toward near-optimal adaptation policies. In the early training phase, performance was limited due to high exploration, resulting in negative rewards and low success rates. However, as training progressed, the agent significantly improved, achieving positive rewards, higher success rates, and fewer steps per episode.
In the final phase, the agent converged to stable performance, reaching an average reward of 71.8 and a success rate of 94%. The results show that the agent successfully learned effective and context-aware adaptation strategies, such as suggesting shortcuts for repetitive tasks and providing guided assistance for complex workflows.
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Table 4. Reinforcement learning performance across episode ranges

	Episode Range
	Average Reward
	Success Rate
	Exploration Rate
	Steps per Episode

	1-1000
	-35.2
	0.15
	0.95
	85

	1001-3000
	18.7
	0.52
	0.65
	58

	3001-6000
	42.8
	0.76
	0.38
	41

	6001-10000
	68.3
	0.92
	0.12
	28

	Final
	71.8
	0.94
	0.05
	25



[image: Image 5]
Figure 4. Reinforcement learning reward convergence across training episodes.
Integrated System Performance
The integrated Adaptive HCI Framework (AHF), combining BiLSTM, CNN, and reinforcement learning components, significantly outperformed the baseline and alternative approaches across all evaluation metrics. It achieved 91.2% accuracy, compared to 65.2% for static systems, 73.4% for rule-based methods, and 82.7% for standalone ML-based approaches, demonstrating substantial gains in adaptive performance.
Although the proposed framework incurred a slightly higher inference time, it remained within real-time usability limits and was justified by the significant accuracy improvements. Statistical analysis indicated that system design played a major role in performance variation.
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Table 5. Integrated system performance comparison

	System
	Accuracy
	Precision
	Recall
	F1-Score
	Inference Time (ms)

	Static Baseline
	65.2%
	63.8%
	61.4%
	0.625
	-

	Rule-based Adaptive
	73.4%
	71.2%
	70.8%
	0.710
	5.2

	ML-based Adaptive
	82.7%
	80.9%
	81.2%
	0.810
	18.7

	Proposed AHF
	91.2%
	89.8%
	88.7%
	0.892
	28.3





Task Completion Time Reduction
The integrated AHF achieved substantial reductions in task completion time across all evaluated applications, with an overall improvement of 23.8%. Time reductions ranged from 19.3% in Blackboard Ultra to 27.9% in the Tamm system. Government platforms such as Tamm and Absher showed the highest improvements due to their structured, multi-step workflows.
All improvements were statistically significant, with a large practical effect. In addition to reducing average task completion times, the framework also decreased variability among users, resulting in more consistent performance.
Table 6. Task completion time reduction by application

	Application
	Baseline TCT (s)
	AHF TCT (s)
	Reduction
	t-value
	p-value

	Excel Arabic
	58.2 ± 12.8
	45.1 ± 9.2
	22.5%
	12.47
	<0.001

	Absher Platform
	64.8 ± 15.6
	48.4 ± 10.3
	25.3%
	13.21
	<0.001

	Tamm System
	71.3 ± 18.5
	51.4 ± 11.2
	27.9%
	14.85
	<0.001

	Blackboard Ultra
	54.4 ± 11.9
	43.9 ± 8.4
	19.3%
	11.28
	<0.001

	Overall
	62.2 ± 14.7
	47.2 ± 9.8
	23.8%
	15.82
	<0.001
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Figure 5. Task completion time comparison across applications.
Error Rate Reduction
The integrated AHF achieved a significant reduction in user errors, decreasing the overall error rate by 37.1% across all categories. The most notable improvement was observed in navigation errors, followed by selection errors, cognitive errors, and input errors. These reductions demonstrate the effectiveness of combining behavior prediction, interface understanding, and adaptive guidance.
All error reductions were statistically significant, confirming the strong impact of the framework on improving user performance. In addition to lowering error frequency, the framework enhanced user understanding and reduced cognitive load, particularly in complex workflows such as government services.
Table 7. Error rate reduction by error type

	Error Type
	Baseline Rate
	AHF Rate
	Reduction
	χ² Value
	p-value

	Navigation Errors
	18.9%
	11.5%
	39.2%
	46.28
	<0.001

	Input Errors
	12.7%
	8.5%
	33.1%
	29.15
	<0.001

	Selection Errors
	10.1%
	6.3%
	37.6%
	33.47
	<0.001

	Cognitive Errors
	15.5%
	9.7%
	37.4%
	39.21
	<0.001

	Total Errors
	57.2%
	36.0%
	37.1%
	148.32
	<0.001
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Figure 6. Error rate composition before and after AHF implementation.
Usability and Workload Assessment
The AHF significantly improved user experience across all usability and workload metrics. The System Usability Scale (SUS) score increased from 65.2 in the static baseline to 86.7 in the adaptive framework, reflecting a substantial improvement and placing the system in the excellent usability category.
NASA-TLX results revealed a significant reduction in cognitive workload, with overall workload decreasing by 32.4%, alongside notable reductions in mental demand, temporal demand, effort, and frustration. These results confirm that the AHF not only enhances usability but also reduces cognitive strain and improves overall interaction quality.
Table 8. System usability scale (SUS) results

	System
	SUS Score
	Grade
	Percentile
	Improvement

	Static Baseline
	65.2 ± 12.5
	D
	45th
	-

	Rule-based Adaptive
	72.8 ± 10.8
	C
	65th
	+7.6 points

	ML-based Adaptive
	79.3 ± 9.2
	B
	80th
	+14.1 points

	Proposed AHF
	86.7 ± 8.1
	A
	95th
	+21.5 points
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Table 9. NASA-TLX workload assessment results

	Dimension
	Baseline
	AHF
	Reduction
	Significance

	Mental Demand
	68.5
	42.8
	37.5%
	p < 0.001

	Physical Demand
	36.2
	29.1
	19.6%
	p < 0.01

	Temporal Demand
	73.2
	49.3
	32.7%
	p < 0.001

	Performance*
	44.8
	78.5
	75.2%
	p < 0.001

	Effort
	66.7
	42.2
	36.7%
	p < 0.001

	Frustration
	59.4
	33.1
	44.3%
	p < 0.001

	Overall Workload
	58.1
	39.3
	32.4%
	p < 0.001




*Note: Performance is reverse-scaled where higher is better.
Case Study Results
Microsoft Excel Arabic
The application of AHF to Microsoft Excel Arabic demonstrated strong improvements in both efficiency and accuracy across all task types. Overall task completion time decreased by 24.8%, while error rates were reduced by 40.8%, highlighting the framework's effectiveness in optimizing complex spreadsheet workflows.
The most significant gains were observed in formula entry and pivot table setup, where predictive assistance and context-aware guidance helped users complete Arabic function names and structural tasks more efficiently and accurately.
Table 10. Microsoft Excel Arabic performance results

	Task Type
	Baseline TCT (s)
	AHF TCT (s)
	Reduction
	Error Rate Baseline
	Error Rate AHF
	Reduction

	Formula Entry
	72.3 ± 15.6
	49.7 ± 8.9
	31.2%
	18.7%
	10.2%
	45.5%

	Data Formatting
	58.4 ± 12.3
	45.8 ± 7.6
	21.6%
	12.4%
	8.1%
	34.7%

	Chart Creation
	89.7 ± 18.9
	71.2 ± 10.4
	20.6%
	22.3%
	13.5%
	39.5%

	Pivot Table Setup
	126.8 ± 24.3
	94.3 ± 12.7
	25.6%
	28.9%
	16.8%
	41.9%

	Average
	86.8 ± 17.8
	65.3 ± 9.9
	24.8%
	20.6%
	12.2%
	40.8%
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Absher Platform
The application of the AHF to the Absher e-government platform resulted in significant improvements in both efficiency and accuracy across all service types. Overall task completion time decreased by 29.7%, while error rates were reduced by 46.5%, demonstrating strong enhancements in handling complex governmental workflows.
These improvements highlight the scalability of the framework, particularly in multi-step administrative processes where users benefit from adaptive guidance and prediction of required inputs.
Table 11. Absher platform performance results

	Service Type
	Baseline TCT (min)
	AHF TCT
(min)
	Reduction
	Error Rate Baseline
	Error Rate AHF
	Reduction

	ID Renewal
	12.3 ± 3.2
	8.4 ± 1.9
	31.7%
	14.2%
	7.8%
	45.1%

	Vehicle Registration
	18.7 ± 4.5
	13.2 ± 2.6
	29.4%
	21.5%
	11.3%
	47.4%

	Passport Services
	22.4 ± 5.8
	15.8 ± 3.1
	29.5%
	26.8%
	14.2%
	47.0%

	Business Licensing
	35.2 ± 8.9
	25.1 ± 4.8
	28.7%
	34.7%
	18.5%
	46.7%

	Average
	22.2 ± 5.6
	15.6 ± 3.1
	29.7%
	24.3%
	13.0%
	46.5%
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Figure 7. Absher service completion time comparison.
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Tamm Vehicle Services
The application of the AHF to the Tamm vehicle services system resulted in the highest overall performance improvements among all evaluated applications. The system achieved an average 35.5% reduction in task completion time and a 47.2% reduction in error rates, demonstrating strong effectiveness in optimizing complex vehicle service workflows.
Performance improvements increased with repeated use, highlighting the framework's adaptive personalization capability and its value in structured service environments.
Table 12. Tamm vehicle services performance results

	Service Type
	Baseline TCT (min)
	AHF TCT
(min)
	Reduction
	Error Rate Baseline
	Error Rate AHF
	Reduction

	Vehicle Registration
	23.4 ± 5.6
	15.4 ± 3.2
	34.2%
	19.8%
	10.2%
	48.5%

	Document Upload
	8.7 ± 2.8
	5.2 ± 1.5
	40.2%
	15.4%
	7.9%
	48.7%

	Payment Processing
	6.3 ± 1.9
	4.1 ± 1.1
	34.9%
	8.7%
	4.8%
	44.8%

	Status Checking
	4.2 ± 1.3
	2.8 ± 0.8
	33.3%
	6.2%
	3.5%
	43.5%

	Average
	10.7 ± 2.9
	6.9 ± 1.7
	35.5%
	12.5%
	6.6%
	47.2%
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Figure 8. Tamm learning curve across multiple uses.
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Blackboard Ultra
The application of the AHF to Blackboard Ultra demonstrated consistent improvements across all academic tasks, with an overall 27.1% reduction in task completion time and a 38.0% reduction in error rates. The framework helped students predict submission steps, pre-fill required information, and access relevant resources more efficiently.
These improvements are particularly important in reducing submission-related mistakes that can affect deadlines and academic performance, while simultaneously improving the digital learning experience.
Table 13. Blackboard Ultra performance results

	Task Type
	Baseline TCT (min)
	AHF TCT
(min)
	Reduction
	Error Rate Baseline
	Error Rate AHF
	Reduction

	Course Navigation
	3.2 ± 1.1
	2.3 ± 0.7
	28.1%
	8.4%
	5.1%
	39.3%

	Assignment Submission
	7.8 ± 2.4
	5.7 ± 1.5
	26.9%
	12.7%
	7.8%
	38.6%

	Grade Checking
	2.4 ± 0.8
	1.8 ± 0.5
	25.0%
	5.2%
	3.3%
	36.5%

	Discussion Participation
	5.6 ± 1.8
	4.1 ± 1.1
	26.8%
	10.3%
	6.4%
	37.9%

	Average
	4.8 ± 1.5
	3.5 ± 1.0
	27.1%
	9.2%
	5.7%
	38.0%





User Study and Statistical Analysis
The user study involved 120 participants representing different age groups, genders, education levels, digital literacy levels, and language preferences. The sample included Arabic-only, bilingual, and English-preferred users, which allowed the study to examine the framework under varied linguistic and digital conditions.
User satisfaction results were positive across all evaluated dimensions. Overall satisfaction increased by 40.3%, ease of use improved by 44.8%, efficiency improved by 43.3%, and Arabic support improved by 58.9%. The strongest gain was recorded in the learning curve dimension, where improvement reached 70.2%.
Statistical testing supported the study hypotheses. Significant effects were reported for time reduction, error reduction, satisfaction increase, and cultural adaptation. Correlation and regression analyses further indicated that digital literacy, Arabic proficiency, prior experience, and cultural familiarity were associated with framework effectiveness.
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Table 14. Participant demographics

	Characteristic
	Category
	Count
	Percentage

	Age
	18-25
	42
	35.0%

	Age
	26-35
	48
	40.0%

	Age
	36-45
	18
	15.0%

	Age
	46+
	12
	10.0%

	Gender
	Male
	72
	60.0%

	Gender
	Female
	48
	40.0%

	Education
	High School
	18
	15.0%

	Education
	Bachelor's
	66
	55.0%

	Education
	Master's
	30
	25.0%

	Education
	PhD
	6
	5.0%

	Digital Literacy
	Beginner
	30
	25.0%

	Digital Literacy
	Intermediate
	60
	50.0%

	Digital Literacy
	Advanced
	30
	25.0%

	Language Preference
	Arabic Only
	48
	40.0%

	Language Preference
	Bilingual
	60
	50.0%

	Language Preference
	English Preferred
	12
	10.0%
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Table 15. User satisfaction ratings (1-10 scale)

	Aspect
	Baseline
	AHF
	Improvement
	t-value
	p-value

	Overall Satisfaction
	6.2 ± 1.9
	8.7 ± 1.3
	40.3%
	14.37
	<0.001

	Ease of Use
	5.8 ± 2.0
	8.4 ± 1.4
	44.8%
	15.21
	<0.001

	Learning Curve
	4.7 ± 2.2
	8.0 ± 1.6
	70.2%
	18.42
	<0.001

	Efficiency
	6.0 ± 1.8
	8.6 ± 1.2
	43.3%
	16.85
	<0.001

	Interface Design
	6.3 ± 1.7
	8.5 ± 1.3
	34.9%
	13.94
	<0.001

	Arabic Support
	5.6 ± 2.1
	8.9 ± 1.2
	58.9%
	19.37
	<0.001




Table 16. Hypothesis testing results

	Hypothesis
	Test
	Result
	Statistic
	p-value
	Effect Size

	H1: Time Reduction
	Paired t-test
	Supported
	t(119)=15.82
	<0.001
	d=1.24

	H2: Error Reduction
	Chi-square
	Supported
	χ²(3)=148.32
	<0.001
	φ=0.56

	H3: Satisfaction Increase
	Paired t-test
	Supported
	t(119)=14.37
	<0.001
	d=1.68

	H4: Cultural Adaptation
	Wilcoxon
	Supported
	Z=8.94
	<0.001
	r=0.58




Table 17. Correlation analysis results

	Variable Pair
	Correlation (r)
	p-value
	Interpretation

	Digital Literacy × Time Reduction
	0.48
	<0.001
	Higher literacy = greater efficiency gains

	Age × Adaptation Acceptance
	-0.42
	<0.001
	Older users slower to accept adaptations

	Arabic Proficiency × Satisfaction
	0.56
	<0.001
	Better Arabic support increases satisfaction

	Prior Experience × Learning Curve
	-0.61
	<0.001
	Experience reduces adaptation learning time

	Cultural Familiarity × Appropriateness
	0.52
	<0.001
	Cultural knowledge improves adaptation quality
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Table 18. Multiple regression analysis results

	Predictor
	Coefficient (B)
	Std. Error
	t-value
	p-value
	Standardized β

	Constant
	14.23
	2.87
	4.96
	<0.001
	-

	Digital Literacy
	0.52
	0.11
	4.73
	<0.001
	0.38

	Age
	-0.38
	0.09
	-4.22
	<0.001
	-0.31

	Arabic Proficiency
	0.31
	0.08
	3.88
	<0.001
	0.27

	Prior Experience
	0.24
	0.07
	3.43
	<0.01
	0.21

	Cultural Familiarity
	0.18
	0.06
	3.00
	<0.01
	0.16





Conclusion and Discussion of Results
The findings of this study indicate that the proposed Adaptive HCI Framework provides a strong and meaningful improvement over static and simpler adaptive approaches in Windows-based digital environments. By combining CNN for GUI understanding, BiLSTM for sequence prediction, and reinforcement learning for adaptive policy optimization, the framework achieved superior technical performance while also improving usability, reducing workload, lowering errors, and increasing user satisfaction. In the reported experimental setting, the framework achieved 91.2% overall accuracy, reduced task completion time by 23.8%, lowered error rates by 37.1%, and improved user satisfaction by 40.3%.
These results suggest that the strength of the proposed approach lies in the integration of complementary capabilities. Visual understanding alone is not sufficient for adaptive HCI, because effective adaptation also requires anticipation of user behavior and context-sensitive response selection. Likewise, adaptation policies are more effective when they are informed by both the visible structure of the interface and the temporal structure of the user's workflow.
The study also highlights the importance of cultural and linguistic adaptation. The strong improvements in Arabic support and the significance of cultural familiarity in the reported analyses suggest that adaptive systems are more effective when they are designed with local interaction patterns in mind. This is particularly important in Saudi digital services and Arabic educational or productivity platforms, where language structure, interface directionality, and procedural expectations shape how users interpret and navigate systems.
At the same time, the study should be interpreted within the limits of its reported design. The results rely on the current experimental setting, including simulated interaction sources and controlled evaluation conditions. Consequently, while the findings are promising and practically relevant, broader real-world deployment and long-term validation remain necessary before stronger generalizations can be made.
Recommendations
Based on the findings of this study, it is recommended that adaptive AI-driven interfaces be gradually introduced into Saudi government, educational, and productivity systems, especially
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those involving repetitive workflows, form-based interaction, and Arabic-language content. Such systems may benefit from intelligent prediction, guided navigation, and culturally aware personalization, particularly for users with limited digital literacy or high task burden.
It is also recommended that future implementations move beyond controlled experimental conditions toward real-world pilot deployment. Longitudinal evaluation in live operational settings would provide stronger evidence regarding sustained usability, adaptation stability, and trust over time. In parallel, future work should strengthen explainability, privacy protection, fairness across user groups, and multimodal interaction support, including voice, gaze, and accessibility-oriented features.
From an academic perspective, future studies should provide more detailed reproducibility documentation, including clearer dataset composition, model configuration, and deployment settings. This would enhance scientific rigor and improve the paper's suitability for peer- reviewed publication. Additional comparative studies across other Arabic platforms and cross- cultural contexts would also help determine how broadly the proposed framework can generalize.
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